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In recent years, remarkable progress has been reported in the field
of activity monitoring. However, despite significant breakthroughs
in recognizing activities from sensor data, there is still a great deal
more to accomplish, especially compared to fields pursuing related
goals, such as computer vision and speech recognition. A key factor
to move activity monitoring forward, is to enable researchers to
build on each other’s work more systematically via reproducible
research. Besides providing sensor data, reproducibility in activity
monitoring requires all aspects of a result to be available to the
research community, including collection, processing and interpre-
tation of measurements.
This paper presents a tool-based methodology, dedicated to mon-
itor the activities of daily living of older adults, that supports repro-
ducible research. This methodology covers the key steps to defining
a monitoring process of these activities, from sensor measurements
to actionable activity information. These steps are uniformly de-
scribed with concise and high-level rules. Additionally, to allow
caregivers to monitor older adults’ functional decline and to deter-
mine what assisting support is needed, our methodology includes
a visualization tool, dedicated to handling user activities longitudi-
nally.
The proposed approach is validated by a set of rules dedicated
to monitor activities of community-dwelling, older adults in their
sensor-equipped homes. A preliminary study1 has been conducted
to evaluate the intra- and inter-participant consistency of the results
produced by ourmethodology, using longitudinal datasets, collected
over several months. Using Signal Detection Theory, it has shown
that our monitoring rules mostly produced the same interpretations
as an expert in activity analysis, who manually analyzed the sensor
datasets.
CCS CONCEPTS
• Software and its engineering → Domain specific languages;
Rapid application development; •Human-centered comput-
ing → Ubiquitous computing; Visualization techniques; • Social
and professional topics→ Assistive technologies.
1The present case study is publicly available at the following URL: https://gitlab.inria.
fr/rbelloum/reproducibilitymonitoring.git
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1 INTRODUCTION
In recent years, a host of pervasive computing technologies have
been developed and deployed, sensing a range of user activities.
Such technologies as connected watches, multi-purpose ambient
sensors, and conversational agents offer remarkable opportunities
for context-aware services to enhance the functional independence
of older adults and reduce the caregiver burden [2, 5]. Context
awareness revolves around monitoring user activities. For older
adults, this monitoring allows to detect whether activities of daily
living (ADLs) are completed (e.g., dressing, bathing, sleeping, and
cooking); this information serves as a reliable indicator of the level
of functional independence of an individual [16].
Over the years, many research approaches have attempted to
monitor ADLs. Increasingly, research approaches have either been
based on sensors or vision. The latter approach faces great chal-
lenges to go beyond laboratory settings. Indeed, a camera is largely
regarded as unsuitable and unacceptable in real-life due to pri-
vacy concerns and the computational cost of video processing [13].
During the past few decades, steady progress has been made in de-
veloping sensor-based approaches, capable of recognizing a range
of activities. Although promising, this research is still in its early
stage and needs to address some key challenges.
Monitoring activities in the wild for a long period of time. Mon-
itoring activities in a real home often defeats conceptual models
developed in a controlled environment. Specifically, sensors do
fail, especially when they are deployed over a long period of time.
Furthermore, detecting activities requires to handle a range of un-
expected situations, which only occur when the home occupant is
continuously monitored, across several months. A realistic setting
calls for an iterative process to refine the analysis of sensor data,
driven by a synoptic view of user activities.
Comprehensible and accessible data processing algorithms. A pre-
requisite to reproducibility is that data processing algorithms be
accessible to and comprehensible for other researchers. Unfortu-
nately, processing event-based contexts is often poorly addressed
by mainstream/general-purpose programming languages (GPLs), or
by domain-specific languages (DSLs), such as CEP (Complex Event
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Processing) [23]. Consequently, resulting algorithms written in ex-
isting languages of both types tend to lack both conciseness [24]
and comprehensibility, making it difficult for researchers to evolve
their data processing algorithms and to build on each other’s work.
These algorithms should be written in a dedicated language, which
addresses these shortcomings.
Scaling up the monitoring of activities. Developing a system that
monitors the daily activities of a user in the wild is very challenging.
A methodology claiming to support the development of such sys-
tems should be applied to a realistic case study and evaluated with
respect to 1) its ability to overcome sensor failures, 2) its support
to aid the researchers cover unexpected user-activity patterns, and
3) its effectiveness in making sizeable sensor data actionable.
Our approach
This paper introduces a tool-based methodology that covers the
key aspects of an activity monitoring system.
An iterative process to define the analysis of sensor data. To com-
pensate for sensor failures and reliably detect activities, an iterative
process is introduced; it supports a stepwise refinement of the anal-
ysis of the sensor data. This process consists of applying analysis
rules to realistic sensor data and checking their output against typ-
ical user-activity patterns. To support this process, a visualization
tool is used by the rule developer to ensure that the detected activ-
ities have an overall consistency. In practice, this process allows
to gradually introduce knowledge about user-activity patterns in
the analysis rules. Note that the visualization tool is also used by
caregivers to monitor older adults longitudinally.
Using a dedicated language. To allow analysis rules to evolve dur-
ing the iterative process, our approach revolves around a domain-
specific language, called Allen [24], dedicated to defining rules that
analyze sensor data. Specifically, this DSL is used to write rules
that detect sensor failures and activities of daily living. Because
of the dedicated nature of this DSL, analysis rules are concise and
high-level, facilitating their evolution. As a byproduct, the use of
this DSL makes the rules more comprehensible to other researchers,
contributing to research reproducibility.
Putting the methodology into practice. Our tool-based approach
has been applied to realistic, sensor data from real homes of five
older adults, collected over several months. These rules to detect
sensor failures and specific activities have been refined using the
proposed iterative process. The results have been validated, using
signal detection theory, by comparing the results of our rules with
a human observer. These rules mostly produced the same interpre-
tation as the human judge, who manually analyzed the datasets.
Overview
The rest of the paper is organized as follows. Section 2 reviews pre-
vious works on sensor-based activity monitoring. Section 3 briefly
presents the field experiment from which our sensor data were
extracted. Section 4 describes the proposed approach for repro-
ducible and longitudinal activity monitoring. Section 5 describes a
case study to allow the reproducibility of concise rules for activity
monitoring. Section 6 demonstrates the accuracy of our knowledge-
based rules from a natural-setting data sensor. Section 7 concludes
and discusses future work.
2 RELATEDWORK
Firstly, the characteristics of home-based activities are investigated
in the context of our target population, namely older adults, and
the impact of aging on these activities. Secondly, previous studies
in the area of monitoring activities are reviewed, examining what
types of sensors and experimental settings were used. Finally, the
barriers to reproducibility in research on activity monitoring are
discussed.
2.1 Older-adult daily activities
The autonomous performance of ADLs is an important factor to
promote independence in everyday activities [7]. To monitor and
assess ADLs, they need to be characterized. To do so, a number of
dimensions can be used, including the location where they take
place, the time of day at which they occur, and the environment
interactions they entail [12]. For example, sleeping takes place in
the bedroom, dinner occurs in the evening, etc. For older adults,
ADLs are increasingly routinized with age decline, compensating
for decreasing cognitive resources [1]. Caroux et al. were the first
to leverage this situation and to develop a knowledge-based ap-
proach to verifying whether activities of interest are performed [2].
Specifically, Caroux et al. use the declarations by older adults on
their daily routines to determine how to verify activities of interest
(e.g., types of sensors, number of sensors, sensor locations), instead
of inferring them.
2.2 Range of sensors
There is a large variety of sensors that can be used to monitor ac-
tivities in a home. Sensors are typically split into two categories:
ambient sensors, which instrument the environment, and wearable
sensors, which instrument the user. Ambient sensors can either be
wall-mounted (e.g., motion detection sensors) or placed on objects
(e.g., contact sensors placed on doors and cupboards). Wearable
sensors can be a bracelet detecting falls or an RFID tag tracking the
location of a user. Wearable sensors are often said to be unsuited
for older adults, who may not accept them because of their intru-
sive nature. In contrast, except for webcams, ambient sensors can
blend into the environment and sustainably contribute to detect
activities [15].
2.3 Experimental settings
Most available sensor data targeting activity recognition are recorded
in a controlled environment dedicated to experimental studies
[15, 19]. In such settings, multi-day experiments are typically con-
ducted with students, who live in the controlled environment for
a few days, possibly performing pre-defined tasks. If older adults
are recruited, they usually participate to studies which only last for
a few hours. Because such an environment is unfamiliar to them,
their performance in executing activities is unlikely to match their
performance at home, where they have developed strategies to
compensate for decreasing cognitive resources [2].
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2.4 Sensor data processing
The research in processing sensor data to monitor activities can be
decomposed into three topics: 1) the activity recognition techniques,
2) the detection of sensor failures, as well as user routine deviations,
and 3) the programming support for processing sensor readings.
2.4.1 Activity recognition. Approaches to activity recognition are
mainly based on machine learning or driven by user knowledge [8].
Machine-learning approaches use statistical and probabilistic
methods to learn activity models from datasets collected by ambient
sensors, which monitor environment interactions. The approaches
are becomingmainstream in the domain of activity recognition. One
particular advantage is that they allow the modelling of uncertainty
and the handling of temporal information. However, sensor data
used for machine learning approaches usually need to be collected
at a large scale to be statistically robust. As well, such approaches
rely on an accurate and labor-intensive process to label activities
and evaluate the performance of recognition models [15]. The cost
of the labelling task and its sensitivity to changes over time and
across individuals, which occur in real homes [15], may explain
why machine-learning approaches are primarily explored in con-
trolled environments during short experiments (i.e., a few weeks),
as illustrated by Dawadi et al.’s work [8, 9].
As introduced earlier, a knowledge-driven approach relies on
routine declarations of users in their home to create activity models,
which can be checked with a minimal set of sensors, placed at
strategic locations [2]. This approach was developed in the context
of the HomeAssist project (see Section 3) and has proven to be
effective in naturalistic environments (i.e., real homes), across a
sizeable group of older adults (i.e., 140 participants), and over a long
period of time (i.e., 12 months) [3]. Noticeably, it has only been
applied to single-occupant homes.
Finally, knowledge-based rule and probabilistic inference have
been combined in hybrid approaches such as Computational State
Space Models, and more recently Computational Causal Behaviour
Models [25]. On the one hand, by virtue of the knowledge-based
rules component, such approaches may achieve more robustness to
unseen cases than a pure machine learning approach. On the other
hand, due to the probabilistic component, they achieve robustness
to sensor noise. However, the probabilistic part of the model still
requires training data to be used; they have to be recorded and
manually annotated.
2.4.2 Anomaly detection. In a real-life setting and over a long pe-
riod of time, some of the sensors installed in a home do experience
failures and malfunctions, which may result in misleading interpre-
tationswhen activities are beingmonitored (e.g., a lost sensor packet
signalling a door closed). Machine learning approaches rely on sen-
sor data to construct activity models. Therefore, they are sensitive
to sensor failures and malfunctions, which can negatively inter-
fere with the training process. There are publicly available datasets
from experimental studies in ambient assisted living (Kasteren [22],
Casas [4], Placelab [15]). Although these datasets include labelled
activities for activity detection purposes, none of them include any
labeling of data produced by faulty sensors [11]. As a result, re-
search on activity monitoring in the presence of sensor failures and
malfunctions have required researchers to manually inject such
events a posteriori in existing datasets. Although this approach
is a step toward more realistic datasets, it remains a simulation,
which may not be representative of the extended range of sensor
anomalies, occurring in a real home, over a long period of time [11].
To construct their activity model, knowledge-driven methods do
not rely on data but only use information about the activities. Exist-
ing systems using these types of methods do not include anomaly
detection techniques because their algorithms for activity inference
are designed to be directly executed on the datasets, as reported
in the literature [12, 17, 18]. Yet, it has been shown that not only
must activity monitoring detect abnormal sensor events, due to
anomalies, and discard them, but it must also recognize abnormal
user behaviors, such as sudden changes in the routines of an older
adult due to health issues. Such situations are paramount to AAL
and have been studied by Tran et al. [21], who have defined four
types of abnormal behaviors:
• Known behavior in a deviating spatial context (e.g., sleeping
in the living room)
• Known behavior occurring at a deviating moment in time
(e.g., leaving home at abnormal time, having dinner unusu-
ally late)
• Known behavior with an abnormal duration or occurrence
(e.g., sleeping until noon, or going to the toilet twice as many
times as before)
• Behavior resulting in abnormal/unexpected sensor firing
patterns (e.g., a fall resulting in an extended period of mute
sensors).
These types of abnormal behaviors further demonstrate the key
role of knowledge about user routines to make the distinction
between sensor anomalies and abnormal behaviors.
2.4.3 Programming support for data processing. Most existing ap-
proaches to developing sensor-based, context-aware services use
GPLs. These languages do not provide specific support for encoding
activity-detection logic in terms of sensor firing patterns. This diffi-
culty is exacerbated by the need to customize the activity-detection
logic with respect to the older adult’s routines, home setting, and
lifestyle. For example, everyday at noon Bob gets ready to have
lunch; he opens the fridge to get one of his daily-delivered meals
and starts the microwave to warm it up. In contrast, earlier in the
morning, Alice opens the cupboards and the fridge to take out in-
gredients and cook herself a meal using the stove. As illustrated
by Bob and Alice, activity detection requires (1) to encode activity
detection logic with respect to sensors and event conditions, and
(2) to take into account inter-individual variations thereof, which
requires developing many variations of such logic for each activity.
This approach often results in making the code complex and tedious
to develop and evolve. This issue even concerns DSLs for complex
event processing (CEP), whose syntax and semantics can quickly
obfuscate the detection logic [23].
An alternative is offered by IFTT (If This Then That) and a
variant such as AppsGate. They are prime examples of end-user
DSLs [6], allowing non-programmers to easily express services,
which combine a range of sensors and actuators, at the expense of
various restrictions. For example, conditions only refer to one event
and a single state. Although convenient for simple scenarios (e.g.,
home automation), such DSLs are too limited for AAL scenarios.
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Furthermore, as observed by Huang et al., specifying services in
IFTT is difficult because the notion of event and state are frequently
confused by users [14].
To sum up, most approaches to programming activity-detection
logic, whether using a GPL or a DSL, do not scale with the vari-
ations of user specificities. This shortcoming hampers the com-
prehensibility of the resulting code, which, in turn, becomes an
obstacle toward making research on activity detection reproducible.
To pursue reproducibility, our approach relies on Allen, a domain-
specific language for programming context-aware services [24]. It
has been demonstrated that Allen provides a promising solution
to the above mentioned issues, compared to other approaches: it
allows to express context detection logic at a higher level and much
more concisely, when programming the same services. Also, com-
pared to complex event processing DSLs, it allows less restricted
compositions and supports reusable abstractions, which facilitates
expressing complex logic.
2.5 Summary
A brief tour of activity monitoring of older adults in their home has
been given. The challenges that impede the reproducibility of this
research have been examined, namely, (1) the comprehensibility
of algorithms for processing sensor data; (2) the lack of extended
studies; and (3) the lack of publicly available datasets. These chal-
lenges have prompted us to introduce a tool-based methodology to
conduct reproducible research in activiy monitoring.
3 BACKGROUND
Before introducing our methodology, we present the experiment
from which our datasets were extracted. This experiment was part
of the HomeAssist project [3], aimed to support aging in place by
deploying an assistive computing platform [? ] in the home of older
adults living alone. This platform relies on a range of devices (e.g.,
sensors and actuators) and runs a set of services, which monitors
and assists seniors in their everyday activities.
To prescribe these services a number of stakeholders are in-
volved; they include the older adults and their family, their pro-
fessional caregivers, and more broadly, occupational therapists,
experts in aging, and psychologists. These stakeholders gather the
specific needs of the older adult to identify which activities require
to be monitored and possibly assisted. Each activity of interest is
then sketched by the older adult in their home to determine what in-
teractions with the environment need to be measured to recognize
it reliably. In this project, three kinds of applications were provided:
(1) applications to monitor ADLs and provide assistance when they
are not performed (e.g., reminders, task prompting, etc.); (2) alert
notifications when security issues are detected (e.g., the entrance
door left open) and (3) applications to support social interactions
(e.g., collaborative games, video conference, etc.). These services
use a minimal set of wireless sensors, placed at strategic locations
in the home to detect a pattern of interactions indicative of an ac-
tivity of interest. The sensors typically signal a presence in an area
(i.e., motion detectors), detect a door being operated (i.e., contact
sensors), and an electric-powered device being used (i.e., electric
meters). The first two kinds of sensors are battery powered to pre-
vent any constraints in placing them. The number and location of
Table 1: HomeAssist sensors and their functions
Room Sensor ID Function
Kitchen
EMeter_Coffeemaker Coffee maker in use
EMeter_Microwave Microwave in use
ContactS_Cupboard Cabinet door open
ContactS_Fridge Fridge door open
MotionD_K Presence
Entrance ContactS_E Door openMotionD_E Presence
Bedroom EMeter_L Bedside lamp in useMotionD_B Presence
Bathroom MotionD_Ba bathtub presenceMotionD_S Shower presence
Toilet MotionD_T Presence
Living room MotionD_L Presence
Figure 1: Example of an apartment layout with sensors
sensors vary across home layouts, user needs, and user routines.
HomeAssist was used in two field studies and was deployed in 140
homes of older adults, aged 80 years and older, living alone, during
a maximum period of 24 months. These studies showed a positive
impact of HomeAssist on participants in terms of daily autonomy,
self-regulation and empowerment [10].
Because our methodology is illustrated by datasets from the
HomeAssist project, let us now introduce the name and function of
the sensors used in this platform, as well as the rooms of interest.
This information is presented in Table 1, where each room of inter-
est is listed in the first column. Each room is equipped with sensors,
whose names are defined in the second column (Sensor ID); we
later use these names to define monitoring rules. Each sensor is
associated with a function, which defines the meaning of the inter-
action it measures. Figure 1 illustrates an example of an apartment
layout equipped with sensors.
4 METHODOLOGY
This section presents the proposed tool-based approach, which (1)
processes longitudinal sensor data with respect to monitoring rules,
aimed to detect activities and sensor failures, and (2) provides a
tool capable of visualizing activities over a long period of time for
screening purposes.
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Table 2: Output of monitoring rules detecting activities and
sensor failures
Start date End date Label
2017-08-01 08:09:02 2017-08-01 08:50:37 outing
2017-10-20 04:56:34 2017-10-20 05:00:20 toilet
2017-11-09 21:15:31 2017-11-13 14:21:22 toilet_failure
2017-12-27 21:00:00 2017-12-28 06:32:48 sleep_quiet
2018-02-07 14:18:25 2018-02-10 02:59:27 platform_failure
2018-08-01 15:05:56 2018-08-06 08:42:20 bed_failure
2018-08-03 13:56:45 2018-08-12 20:03:51 door_failure
Let us first examine the steps required to define monitoring rules,
according to the different dimensions of the activity monitoring
system: activity detection and sensor failure detection.
4.1 Defining monitoring rules
Defining monitoring rules is an iterative process, which consists
of four steps. Firstly, the developer writes a rule in a dedicated
language (see below) to detect an activity or sensor failures by
processing binary sensor data. As illustrated in Table 2, each rule
produces a label, denoting an activity or sensor failures, for a given
period during which a situation has been detected. Note that the
detected situations may overlap in time, as illustrated by the last
two lines of Table 2, labelled ‘bed_failure’ and ‘door_failure’. Thus,
each rule is executed independently by processing its input sensors.
After writing the first version of the rule, the developer carries
out a feasibility study. Specifically, the rule undergoes preliminary
testing by applying it to several sets of real sensor data andmatching
a sample of its results against a manual analysis of the correspond-
ing sensor data. In doing so, this phase determines whether the
detection of a situation of interest can be formulated in a rule, which
combines one or more sensors at strategic locations; and, whether
a rule has the potential of producing reliable information. If this
feasibility study is successful, then an iterative process to refine
the rule is initiated; it identifies the patterns of sensor data that can
lead to erroneous labels, and refines the rule to cover the various
homes and user specificities. The completeness of these patterns
depends on the rigor used to conduct the iterative process and the
representativeness of the data. As a final step, the accuracy of a rule
is evaluated against a human observer, to ensure that it produces
the same interpretation as a human observer.
Let us now illustrate the first three steps of the proposed ap-
proach by defining a rule that detects visits to the toilets. The
fourth step is examined in Section 6.
Writing a rule. The goal is to define a rule that detects the toilet
activity by measuring the user’s presence via a motion detector,
placed inside the toilet. Recall that, because the HomeAssist project
is leveraged, this work focuses on single-occupant dwellings. In its




The rule is named toilet, is introduced with a colon (’:’), and
produces Label “toilet” whenever the condition of the rule is true;
that is, when a motion is detected in the toilet via the motion sensor
named MotionD_T. Generally speaking, when a sensor occurs in
an Allen rule, its execution produces all the time intervals during
which its value is true (i.e., its value is 1).
Feasibility study. Once a first version of a rule is defined, the
developer needs to apply it to sensor data across several partici-
pants and manually analyze the results to gather and generalize
special cases that may have occurred. In our example, a typical
situation that needs to be handled is the loss of the sensor event
indicating that the user left the toilet. Loss of sensor data must be
addressed when measurements are performed in a natural setting;
it is typically caused by a low battery condition, temporary loss
of radio transmission (or radio reception on the sensor gateway
side), and packet collisions. In our example, if not properly handled,
the loss of this information means that the visit to the toilet is
endless. Another situation observed on ecological sensor data is the
occurence of many, very short toilet visits; that is, visits separated
by less than a minute. This situation is caused by a user who is
motionless during enough time so as to cause the sensor to indicate
that the room is unoccupied, until a new motion is detected shortly
afterwards.
These two situations have the potential to cause the first version
of our rule to produce erroneous information. However, they do not
compromise the feasibility of our rule to detect toilet visits because
they can be compensated by introducing simple conditions. This
refinement is conducted next.
Iterative refinement. The loss of the sensor event indicating the
exit from the toilet can be addressed by setting an upper limit on the
duration of a toilet visit. This limit allows our rule to compensate
for sensor faults and transmission losses and to reset its state so
as to detect future toilet visits. Specifically, a toilet occupancy is
considered valid, if it does not last more than (Operator ‘<=’) a given
duration (Parameter T1). This parameter is set to the appropriate
value (e.g., 20 min) depending on the user specificities, which can
be determined by examining the sensor data. When toilet visits are
longer than the duration limit, they are discarded by the rule. The
new version of our rule is defined below.
1 toilet:
2 "MotionD_T"<= T1
To circumvent the second situation (i.e., close, short visits due to
a lack of motion), we need to group together intervals of motion
separated by short pauses. First, let us define a rule that recognizes
a short pause, as shown below.
1 toilet_pause:
2 holds(~ any_motion_up , ~" MotionD_T" <= T2)
Rule toilet_pause is true when there is no motion in the toilet
during less than T2 minutes and no motion is detected anywhere
else in the home. Absence of motion is expressed using the negation
operator (˜). Short absences of motion are filtered by Operator
‘<=’. Further filtering is performed by Operator holds(p,q), which
gathers the time intervals during which q is true and only keeps
the ones for which p holds. In our example, Operator holds allows
to select short absences in the toilet (q) during which no movement
is detected elsewhere (p). This last condition (p) is defined by (the
negation of) Rule any_motion_up, which selects periods during
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which no motion is detected anywhere in the home (its definition is
given in Section 5). The relationship between the filtering operators
of the DSL and the original Allen logic is detailed elsewhere [24].
Because we assume single-occupant dwellings, a presence de-
tected in the toilet followed by no motion in the home indicates
that the user has not left that room. Extending Rule toilet with
Rule toilet_pause gives the following definition, using the logic
‘or’ operator (|).
1 toilet:
2 "MotionD_T" <= T1 | holds(~ any_motion_up , ~" MotionD_T"
<= T2)
This iterative refinement of Rule toilet was completed when
sensor data of representative participants were successfully labelled.
4.1.1 Sensor-failure detection. To address sensor failures, dedicated
rules need to be defined. Their aim is to report periods during which
sensor failures occurred, as shown in Table 2. The definition of such
rules follows the same steps as the ones to detect activities, namely,
writing a rule, a feasibility study, and an iterative refinement.
For sensors providing a failure detection mechanism, such as




This expression annotates the periods during which the sensor
is out of service, as exposed by Attribute CommFailure of Sensor
MotionD_T. This attribute is available on any sensor but needs to
be refined because we found that in many cases it is not reliable.
An alternative is to define a faulty sensor as one that does not
emit information for an extended period of time, which depends
on the location of the sensor and the environment interaction it is
measuring. For example, the toilet is typically visited many times
everyday. Consequently, we can introduce a rule to detect the failure
of the motion detector of the toilet as follows.
1 toilet_failure:
2 ~" MotionD_T" >= T | "MotionD_T" >= T
This rule states that the toilet sensor fails if it is inactive for
more than time T (first term) or active for more than time T (second
term). Parameter T is typically set to 1 day or more. Note that a
motion detector is (in-)active during an extended period of time if
the message indicating a lack/presence of motion was lost or the
sensor is locked in a given state and needs to be reset.
Further applying this version of toilet_failure to sensor data
and manually analyzing the results reveal another issue: some peri-
ods do not show any toilet visits because of outings of the home
occupant that last more than time T (e.g., one or more days). To ac-
count for this situation, a rule detecting outings (defined in Section
5) needs to be included. The new version of Rule toilet_failure
is defined below, using the logical ‘and’ operator (&) to skip outings.
1 toilet_failure:
2 (~" MotionD_T" & ~outing) >= T |
3 (" MotionD_T" & ~outing) >= T
This version of the rule was applied to a variety of sensor data
and produced correct results when manually checked.
Figure 2: Visualization of toilet activity
4.2 Long-term visualization
Because of the study duration of HomeAssist, applying monitoring
rules to sensor data produces massive amounts of activity infor-
mation. This situation raises the need to provide a synoptic view
of these activity information to allow caregivers to analyze them,
identify trends or events of interest, and take action if necessary.
We propose an approach to visually characterizing a user activity
during a given period of time. An example is shown in Figure 2.
Specifically, the blue bars represent the average duration of the
activity, and the red line indicates its frequency (e.g., number of
visits per month). However, the detected periods of sensor failures
obviously impact the significance of the average duration of the
activity. To visually account for this aspect, the width of the bars
is adjusted with respect to the extent to which sensor failures oc-
curred: the fewer the failures, the thicker the bar, indicating a more
significant average value of activity duration.
However, when no blue bar is displayed in the graph for a given
month, this may correspond to two different cases: Situation 1 – no
activity is performed at all during the month, although the sensor
worked properly during this period, or Situation 2 – the sensor
failures cover the whole period, hence there is no information about
the activity. To avoid the ambiguity between these situations, we
added green witness bars at the bottom of the graph, independently
of the presence of the blue bars, to separately indicate the periods
when the sensors were working, via their width, as for the blue
bars. Thus, Situation 1 results in a green bar without a blue bar
(not occurring in Figure 2); and Situation 2 results in the absence of
both bars (first two months in the figure). Because erroneous data
are filtered out, they do no impact the computed average values.
Example. Figure 2 represents the toilet activity of Ms. Dupont.
The x-axis represents the period at which the sensor data were
collected. The y-axis on the right side, represents the number of
toilet visits per month (the red line). The y-axis on the left side,
represents the average duration of activity for this participant (the
blue bars), which varies between 100s and 140s. Thanks to the green
witness bars and their width, one can see the periods during which
the toilet detector properly worked in this user’s home. During
August and September 2017, there is no activity information: no
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green (hence no blue bars) shown in the graph. This unambiguously
indicates that during these two months, this activity could not be
measured. The caregiver cannotmisinterpret this period as a routine
deviation: information about the activity is simply missing. The
vertical lines around the top of each bar represent the standard
deviation of the averaged values. Considering the small values of
the standard deviation in relation to variations between bars, the
results of our rule can be considered as significant.
5 CASE STUDY
This section applies the proposed methodology to a realistic case
study. Specifically, two activities of daily living are examined, namely,
outings and sleeping. This presentation is used to show how our
approach contributes to improving replicability and reproducibility
via the definition of concise, high-level monitoring rules, which can
be made available to other researchers, as well as the sensor data.
In fact, the present case study is publicly available at the following
URL: https://gitlab.inria.fr/rbelloum/reproducibilitymonitoring.git
This reproducibility kit contains (1) the complete dataset of one
participant, covering the whole year 2017 with 95,157 sensor mea-
surements, and (2) instructions for replaying the activity detection
and visualization phases explained in this paper. The dataset of the
other participants could not be disclosed for privacy reasons.
5.1 Outings
Let us first define the rules for each of the monitoring activities
addressed by our case study. To do so, the notion of user-defined
operator provided by Allen is introduced; it allows some structuring
and reuse in programmingmonitoring rules. User-defined operators
can be seen as function definitions in mainstream programming
languages. They allow rules to be reused and parameterized, al-
lowing them to be customized with respect to user specificities. A
user-defined operator is introduced with Construct def followed
by a name and optional parameters, delimited by square brackets.
5.1.1 Activity detection. We begin by defining the user-defined
operator outing_period to delimit the period during which no
activity occurs in a home between two consecutive door openings.
1 def outing_period =
2 holds(no_activity ,
3 between(dn(" ContactS_E "), up(" ContactS_E ")))
More precisely, an outing period begins when the entrance door
is closed (i.e., user’s departure), and ends when it is opened again
(i.e., user’s return). Technically, Operators up and dn select the time
when a sensor goes from 0 to 1, respectively from 1 to 0. Operator
between(p,q) selects any time interval between a period when
p is true and the subsequent period when q is true. Therefore,
the expression means that, if after Door sensor "ContactS_E" has
produced Value 0 (state ‘closed’), there is no other activation of any
sensor inside the home until the next activation of "ContactS_E"
(state ‘open’), an outing has occurred. The term no_activity is
another user-defined operator, detailed later. It is true whenever no
sensor is activated in the home.
Following the proposed methodology, samples of sensor data of
participants are manually analyzed. It was noticed that our rule
detected some short outings, which probably correspond to the
user taking out the trash or picking up the mail. After consulting
with our experts in aging, these short absences were not deemed
proper outings because they likely did not involve much physical
activity nor social interaction. To skip such absences, the operator
definition was extended with a minimal time of absence T before
declaring an outing. This extension took the form of a parameter
to the user-defined operator definition, as shown below.
1 def outing_period[T] =
2 holds(no_activity ,
3 between(dn(" ContactS_E "), up(" ContactS_E ")) > T)
Parameterization thus allows this rule to be customizedwith respect
to the elapsed time before a departure is considered an outing. Such
customization is shown below with the definition of Rule outing.
1 outing:
2 outing_period [10min]
Thanks to the domain-specific nature of Allen, it offers a built-in
type and related constants to express time (e.g., 10min, 21hr).
The user-defined operator no_activity is defined below, follow-
ing some auxiliary definitions. A period is labelled as no_activity
when no electric appliances, contact or motion sensors are activated
in a home. This situation is defined by the following set of rules.
1 def any_emeter_up =
2 any_up (" EMeter_Microwave", "EMeter_Coffeemaker", "
EMeter_L ")
3 def any_contact_sw =
4 any_sw (" ContactS_B", "ContactS_Cupboard", "ContactS_E",
"ContactS_Fridge ")
5 def any_motion_up =
6 any_up (" MotionD_B", "MotionD_Ba", "MotionD_E", "
MotionD_K", "MotionD_L", "MotionD_S ")
7 def any_activity =
8 any_motion_up () | any_emeter_up () | any_contact_sw ()
9 def no_activity =
10 ~any_activity ()
Operators any_up and any_dn are the n-ary version of Operators
up and dn introduced earlier. A third operator called sw, and its
n-ary version any_sw signal the moments when a sensor switches
value (up/down).
5.1.2 Sensor-failure detection. We now investigate the sensor fail-
ures that can compromise the detection of outings, as was done for
toilet visits. Here, the key component is the contact sensor moni-
toring the entrance door. Because we follow the same logic as the
final rule for toilet failures, we introduce a user-defined operator
that encapsulates these failures, and parameterize it with 1 week
(i.e., 168 hours).
1 def sensor_failure[T](s) =
2 (~s & ~outing) >= T | (s & ~outing) >= T
3 door_failure:
4 sensor_failure [168hr](" ContactS_E ")
As can be noticed, user-defined operators can not only be parameter-
ized with time constants, but can also take sensor name parameters.
To visually distinguish these two types, time parameters are given
between square brackets, while sensor name parameters are given
between parentheses.
This rule determines that the contact sensor has failed, if the
user is home (i.e., ˜outing) and the contact sensor of the entrance
door has not been activated during a given time T.
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Figure 3: Visualization of outings
5.1.3 Visualization. Figure 3 visualizes the information produced
by our rules for outings and failures of the entrance door sensor. The
y-axis on the right side represents the number of outings per month
(the red line), and the y-axis on the left side represents the average
duration of this activity (the blue bars). As can be noticed, during
the first 4 months of the monitoring, the displayed graph does
not show any outing. However, the absence of a green bar during
these months indicates that the contact sensor of the entrance door
did not work during this period. This sensor functioned properly
for the remainder of the year, as shown by the width of the (blue
and) green bars. We also notice that our rules produced consistent
measurements of the outing activity: the participant made between
22 and 37 outings per month, lasting from 1h30 to 2 hours. In our
experience, this consistency is a key factor in giving confidence to
monitoring rules.
5.2 Sleeping
It would be unrealistic to aim at detecting actual sleep of an indi-
vidual solely with ambient sensors. Instead, the goal is to detect
when the user spends some quiet time during the night in their
bedroom. This activity should give an indication of how much sleep
an individual is getting.
5.2.1 Activity detection. Let us incrementally define our notion of
sleep. First, this activity is assumed to occur in the bedroom, and
thus, any motion detected in another room may contradict a sleep
activity. This situation is covered by the following fragment of rule
introduced below.
1 let any_motion_up_but_bed =
2 any_up (" MotionD_E", "MotionD_K", "MotionD_L",
3 "MotionD_S", "MotionD_T ")
Note the use of a local variable, introduced by Construct let. Local
variables are used to factorize some logic without parameters. Lo-
cal variable any_motion_up_but_bed is then included in another
rule fragment to define a segment of continuous presence in the
bedroom, in much the same way as toilet visits (Rule toilet in
Section 4.1).
1 let sleep_segment =
2 holds(~ any_motion_up_but_bed ,
3 (" MotionD_B" >= 30min) <= 10hr |
4 (~" MotionD_B" >= 30min) <= 10hr)
Specifically, Rule sleep_segment produces a segment of sleep, if
motion has not occurred anywhere else but in the bedroom, and if
user presence in the bedroom is sensed, using the motion detector,
during at least 30 minutes but no more than 10 hours. Alternatively,
because of the nature of the target activity, a segment of sleep is
also produced if there is an absence of motion in the bedroom that
lasts between 30 minutes and 10 hours. These two alternatives
take into account intra- and inter-individual variations of motion
patterns during sleep. Importantly, embedding the disjunction of
the two patterns in Operator holds (unlike the rule for toilet visits)
is the result of the iterative refinement in our methodology, which
revealed and fixed inconsistent results.
As our approach is knowledge driven, it leverages the personal
routines of the user and thus gathers their usual sleep time slots.
This piece of knowledge is introduced as a variable, named night.
For example, a participant declares that he usually goes to sleep
at 9:00PM and wakes up at 8:00AM. Here is the definition of the
night time slot for this user as a variable in Allen:.
1 let night = slot_2017 [21hr, 8hr] | slot_2018 [21hr, 8hr]
The above definition uses Allen operators slot_YYYY generating
periodic signals, which are true between the given times of the
day, each covering one entire year. Here, the two years are covered,
including the period of the study.
We are now ready to put all the pieces together in a complete




4 during (~ sleep_segment <= 15min , night))
This rule includes two new operators (ex and during) and in-
troduces an alternative (i.e., a disjunction) to a sleep segment. First,
Operator ex, which means ‘exists’, ensures that the sleep activity
intersects the night time slot (there exists at least a moment in
the sleep activity, which happens during the night). This results in
excluding naps during the day, while allowing some flexibility (e.g.,
the sleep may go beyond the end of the night slot). Second, the al-
ternative to a sleep segment is some other short activity happening
during the night (e.g., a toilet visit). Operator during is used to han-
dle such sleep interruptions (i.e., negation of Rule sleep_segment),
which do not contradict a sleep activity. Specifically, an interruption
does not contradict a sleep activity if it does not last for too long
(the maximum pause duration is set here to 15 minutes), and occurs
during (Operator during) the night time slots (Variable night).
Finally, further analysis of the sensor datatsets revealed that
some participants are occasionally not sleeping in their bedroom
(typically, in their living room). To account for this situation, a new
monitoring rule is introduced (definition omitted) that detects this
kind of sleep segments. In doing so, this routine deviation can be
monitored; the user and/or their caregiver can be informed about
potential resulting health issues. This situation further illustrates
the need for our iterative approach to developing monitoring rules.
5.2.2 Failure detection for bedroom sensor. The same logic as that
of toilet failure and door failure is used to detect failures of the
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Figure 4: Visualization of sleeping activity
bedroom motion detector. Therefore, our user-defined operator
may be reused.
1 bed_failure:
2 sensor_failure [24hr](" MotionD_B ")
5.2.3 Visualization. Figure 4 shows an example of visualization of
data representing sleeping activity for a participant, every month
during one-year period. The blue bars represent the average sleep
duration of a person, which varies from 7 to 10 hours per day. We
notice that the bedroom sensor has worked well, as shown by the
width of the (blue and) green bars, apart from October 2017 and
February 2018 where the bars are thin.
5.3 Platform failures
Our previous failure rules can detect sensor failures related to
specific activities, but they do not annotate more radical failures,
such as an Internet outage or a general platform failure when no
sensor is working. In fact, it is important for technicians to obtain
such information for maintenance purposes of the smart-home
infrastructure. To address this issue, we defined a rule that detects
when there is no activity in the home for a given duration, provided
it is not an outing.
1 def platform_failure[T] =




Note that this rule reuses the one detecting outings defined in
Section 5.1.
6 EVALUATION OF ACTIVITY MONITORING
RULES
Using Signal Detection Theory [20] (SDT), an expert in activity
analysis, served as a human judge to examine some samples from
the datasets of 5 participants to manually label activities and sensor
failures. Then, the manual labels were compared to the ones gener-
ated by our rules to determine whether these rules are as accurate
as our human expert to detect activities. In doing so, the output of
Table 3: Evaluation of monitoring rules using SDT
Rules
Results
Trials Hits False alarm A’ B”D
Outgoing 13 13 0 1.00 0.00
Toilet 45 41 10 0.91 0.22
Sleep quiet 16 14 2 0.87 0.12
Door failure 7 7 0 1.00 0.00
Bed failure 9 9 0 1.00 0.00
Toilet failure 3 3 0 1.00 0.00
Platform failure 2 2 0 1.00 0.00
the monitoring rules were tested against the answers of the human
judge, which were used as the ground truth.
Thirty five samples of sensor logs were randomly selected from
the datasets collected at participants’ home. For each participant,
the samples of sensor logs covered three entire days for each activity,
and an entire month for each kind of sensor failure.
Two specific indices were calculated for each monitoring rule:
the sensitivity and the response bias indices, noted respectively A’
and B"D. Sensitivity indices are used in signal detection theory to
measure performance in Yes/No tasks. Specifically, participants are
asked to discriminate against signals (the stimulus is present) and
noise (stimulus is absent). In the presence of a stimulus, affirma-
tive responses are correct and are called hits. In the absence of a
stimulus, the answers ‘yes’ are incorrect and called false alarms.
Then, successes and false alarms are used to calculate the indices.
The sensitivity A’ measures the participant’s ability to correctly dis-
criminate the presence or absence of stimuli. This index is between
0 (extremely low sensitivity) and 1 (extremely high sensitivity). The
response bias B"D measures the participant’s general tendency to
answer yes or no. B"D is between -1 (tendency to answer yes and
produce false alarms) and 1 (tendency to answer no and miss the
stimuli), the ideal value of this index being 0. In our experiment,
the rules take the role usually played by human participants in
Yes/No tasks. These tasks are independent because they concern
activities that occur at a specific location (i.e., targeting specific
sensors) and time periods. Thus, this labeling process amounts to a
binary classification.
The complete results are shown in Table 3. For the rules concern-
ing 1) outings, 2) platform failures, and 3) sensor failures (related to
outings, visiting the toilet and sleeping activity), the values of both
sensitivity and response bias are ideal: A’ = 1.00 and B"D = 0.00.
These results demonstrate that our rules produce correct results
with respect to the human observer. The rules can be considered as
extremely sensitive and fits perfectly the observer in this case.
Results pertaining to the detection of toilet visits show a very
good sensitivity, A’ = 0.91. That means that most of the responses
of the rule were correct. The corresponding rule is said to be highly
sensitive. Furthermore, it shows a reasonable response bias of B"D
= 0.22, which indicates that the rule is slightly conservative, in that
it misses a few stimuli (the rule has a slight tendency to respond
No).
Results for sleeping activity also has both good sensitivity and
response bias, A’ = 0.87 and B"D = 0.12, which show that most of the
rule-generated values match the judgement of the human observer.
The response bias index indicates that the rule rarely misses stimuli.
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To sum up, our rules are accurate in that they always detect a
sensor-failure and almost always detect if an activity of interest is
present in a given dataset, as compared to our human observer. As
such, this evaluation contributes to validate our tool-based method-
ology to developing activity-monitoring rules.
7 CONCLUSION AND FUTUREWORK
This paper has presented a tool-based methodology to develop
knowledge-based rules dedicated to processing longitudinal, real-
world, home-centric, sensor data. The proposed approach reliably
detects older adults’ activities and provides professional caregivers
with actionable insights via a visualization tool. To contribute to
the reproducibility of our results, we have made publicly available
a realistic set of sensor data and our rules to detect activities.
This work improves replicability of activity monitoring research
in that it introduces an iterative process to develop concise and high-
level activity-monitoring rules. The proposed approach contributes
to expose and systematize the stepwise refinement of monitoring
rules by making explicit this iterative process, leveraging user-
specific knowledge, and abstracting over hard-to-anticipate, yet
typical situations. Our methodology was illustrated by using it in a
case study, which involved monitoring data of five different older
adults in their respective dwellings during several months. This
case study has shown the generality of our methodology, which
was successfully applied across the characteristics of individuals,
their routines, their home layouts, etc.
Using Signal Detection Theory, our rules have been shown to be
accurate and reliable for detecting sensor failures and various ac-
tivities (sleeping, toilet visits and outings). However, this accuracy
has only been validated by a unique human expert. In the future,
we plan to improve this aspect by involving three human observers
to assess the interjudge reliability of the proposed approach. Fur-
thermore, more daily activities will be considered to investigate the
range of applicability of our methodology.
Another line of work to explore consists of linking a user’s activ-
ity data to their clinical data (e.g., sensory and motor functioning,
hospitalization, frailty and degradation etc.) over a long period of
time so that care professionals, such as occupational therapists,
can evaluate potential signs of age-related decline. This work goes
beyond our case study, which was limited in duration and did not
consider the clinical data of their participants. Lifting these lim-
itations could pave the way to screening capabilities, which is a
driving force for the development of activity monitoring systems
dedicated to older adults.
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